Evolution of Fin Undulation on a Physical Knifefish-inspired Soft Robot by Veenstra, Frank et al.
Evolution of Fin Undulation on a Physical Knifefish-inspired
Soft Robot
Frank Veenstra∗








IT University of Copenhagen
Copenhagen, Denmark
sebr@itu.dk
Copyright ACM, 2018. This is the author’s version of the work. It
is posted here by permission of ACM for your personal use. Not for
redistribution. The definitive version was published in GECCO’18:
Genetic and Evolutionary Computation Conference, July 15-19,
2018, Kyoto, Japan, Jennifer B. Sartor, Theo D’Hondt, and Wolfgang
De Meuter (Eds.). ACM, New York, NY, USA, Article 4, 8 pages.
https://doi.org/10.1145/3205455. 3205583
ABSTRACT
Soft robotics is a growing field of research and one of its challenges
is how to efficiently design a controller for a soft morphology. This
paper presents a marine soft robot inspired by the ghost knifefish
that swims on the water surface by using an undulating fin under-
neath its body. We investigate how propagating wave functions
can be evolved and how these affect the swimming performance
of the robot. The fin and body of the robot are constructed from
silicone and six wooden fin rays actuated by servo motors. In order
to bypass the reality gap, which would necessitate a complex simu-
lation of the fish, we implemented a Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) directly on the physical robot to opti-
mize its controller for travel speed. Our results show that evolving
a simple sine wave or a Fourier series can generate controllers that
outperform a hand programmed controller. The results additionally
demonstrate that the best evolved controllers share similarities with
the undulation patterns of actual knifefish. Based on these results
we suggest that evolution on physical robots is promising for future
application in optimizing behaviors of soft robots.
KEYWORDS
Soft Robotics, Evolutionary Algorithms, Covariance Matrix Adap-
tation Evolutionary Strategy, Evolution of Physical Systems
1 INTRODUCTION
Despite recent advances in evolutionary robotics, the reality gap
[15] is still a prevalent issue. Especially in the emerging field of soft
robotics it becomes more difficult to simulate the physical prop-
erties of soft materials accurately [25]. In cases where this was
accomplished successfully, it required high computational power
and complex algorithms [6]. For aquatic robots, the integration of
flexible materials can lead to increased performance by the princi-
ple of morphological computation, i.e. by exploiting that dynamic
interactions with the environment can be useful for achieving a
desired behavior efficiently. The complex mechanics of silicone
and its hydrodynamic interactions are, however, computationally
heavy to simulate, especially when the morphology is driven by
∗These authors contributed equally to this work.
multiple actuators. For these reasons, we propose an evolutionary
approach of directly evolving physical systems [24] as a feasible
alternative method to evolve efficient behavior of a bio-inspired
soft robot. To the best of our knowledge, this is the first paper to
use an evolutionary algorithm to evolve a behavior directly on a
physical soft robot without prior simulation.
Soft robots have been proposed for a number of applications
that include exploration and search and rescue operations. For such
tasks high maneuverability is usually necessary. Since the family
of ghost knifefish (Apteronotidae) contain examples of dexterous
aquatic animals capable of high multidirectional maneuverability at
low speeds [20], we chose this fish as our model whose control will
be subjected to evolution. Knifefish are able to produce thrust in
many directions by undulating a single anal fin located underneath
the body. By generating propagating waves across their fin they
can easily move backwards and forwards depending on the direc-
tionality of the wave [9]. Vertical thrust is accomplished through
sending counter-propagating waves towards and away from the
center of the fin canceling out longitudinal forces. In undulatory
swimming the thrust is produced through a reaction force on the
fluid adjacent to the body or fin surface. Bending of the body part,
in our case the fin, enables wave propagation. The combination of
the lateral forces produced on both sides of the fin should cancel
out each other to produce a net forward thrust [2].
1.1 Evolution of Soft Robots
The evolutionary robotics approach to soft robotics has thus far only
been implemented in simulation environments such as VoxCAD
[3, 4, 8, 16] or off-the-shelf physics engines where morphologies are
represented by tetrahedral meshes and the controls andmorphology
have been evolved [23]. Computational power is, however, a major
constraint when using simulations. Computational requirements
scale proportionally to the amount of tetrahedra and voxels simu-
lated, usually exponentially, increasing the computational power
needed when more are used. Morphologies found through the Vox-
CAD approach have only been replicated physically by means of
soft volumetrically expanding materials that require changes in the
pressure of the surroundings for actuation [14].
Controllers for simulations of existing partially soft morpholo-
gies have also been evolved in simulation environments and in some
cases transferred to hardware. A genetic algorithm with a "lumped"
dynamic model simulation has been used to evolve the gait of a
soft caterpillar-inspired robot and has resulted in an increase in
performance of a physical prototype [26]. In another instance, both
an objective-based and a novelty-driven (novelty search [17]) ap-
proach have been utilized to optimize the design of a crawling
octopus by discovering self-stabilizing dynamic gaits [7]. A dif-
ferential evolution algorithm was used to optimize a model-free
adaptive controller (MFAC) in a simulation of a robotic fish with a
flexible caudal fin [5]. For the same morphology an evolutionary
multiobjective optimization technique (NSGA-II algorithm) found
morphological and control parameters in simulation that maximize
the swimming speed and minimize the power usage with subse-
quent validation in hardware [5]. However, in this approach it was
found that the "best speed" parameters were considerably faster
in simulation than in the experiments due to hardware limitations.
This illustrates that although reasonable performance can be trans-
fered from the simulation to reality, discrepancies are still persistent.
In the above examples the evolution of soft robot morphologies
and controllers was made possible by confining the search space
to highly abstracted morphologies (fish where only a simple tail is
flexible, caterpillar-like shapes) or by decomposing the morpholo-
gies into a finite number of voxels. While such approaches have
yielded interesting results, they are still lacking in relation to re-
alizing the full potential of soft robotics technology as they limit
the design space to very simple or highly abstracted shapes. By
evolving the controller in the physical hardware instead, one is
able to reap the benefits of having both a bio-inspired design that
mimics a natural model closely and an automated discovery of its
most optimal behavior.
1.2 Knifefish-inspired Swimming Robots
Due to their unique morphology, knifefish have served as inspi-
rations for a number of research robots. Building on the work of
Low et al. [18, 19], Siahmansouri et al. constructed an untethered
robot with 6 fin rays capable of regulating the direction and depth
of swimming by moving the fin relative to a buoyancy tank [28].
Curet et al. built a knifefish-inspired robot with 32 individually
actuated fin rays and were able to show that its optimal actuation
parameters were similar to the ones of the black ghost knifefish [10].
They were also able to generate upward forces on the robot with
counter-propagating undulation waves [9]. Sfakiotakis et al. de-
vised a linear slide equipped with a fin composed of 8 individual fin
rays and implemented open-loop velocity control and closed-loop
position control [27].
A common denominator of the previous work on knifefish-
inspired robots is the use of sinusoidal functions as an undulation
pattern for the fin. This occurs despite the fact that a sine func-
tion is only an approximation of the actual undulation pattern of
the species, which could be reproduced more accurately[30]. The
design of our robot also departs from the earlier work as it is an
integrated silicone morphology constructed with contemporary
soft robotics fabrication techniques. This approach simplifies the
fabrication of the fin and fin rays significantly. Moreover, elasticity
is added to the fin, which has been hypothesized to be a means of
increasing energy efficiency [18].
2 METHODOLOGY
We designed a soft swimming robot with a single undulating fin
inspired by the anatomy of the black ghost knifefish1. To be able
to evaluate its swimming speed with different motion patterns, we
1A video of the robot and our setup can be found at https://youtu.be/3XjgZbs0t2g
constructed the experimental setup shown in Figure 1. As we only
evolve the forward swimming speed, the robot is fixed on a linear
slide. It is not submersible and kept at a level of neutral buoyancy.
The robot (E) is placed in the water surface of a 100×40×40cm
aquarium. It is tethered with power and signal cables for its 6 servo
motors. It is attached to a cart (F) with four ball-bearing wheels
that is mounted on a T-slot beam linear slide (C) atop the aquarium.
A plastic attachment piece (D) connects the cart to the linear slide
and prevents the robot from turning. The slide is equipped with
two IR sensors to measure when the beginning and end of the
slide has been reached. For the evaluation of an undulation pattern,
the robot starts on the left side of the track at the first IR sensor.
During evaluation a swimming pattern is played on the robot and
an ultrasonic distance sensor (A) measures the distance to a plastic
plate (B) on the cart. The cumulative sum of the distance readings
are used directly as the fitness value for the undulation pattern that
was evaluated.
2.1 Mechanical Design of the Robot
The main parts of the robot are its hull, frame, and fin rays (see
Figure 2) 2. The hull and fin of the robot were constructed from
Ecoflex 00-30 silicone (Young’s modulus approx. 0.1 MPa, Shore
A hardness 00-30) [22]. The uncured material was degassed after
mixing and poured into a three part 3D printed mold (two sides
and one inner part). The inner mold part holds the fin rays in
place during casting and blocks out a compartment for the rigid
inner frame, which was mounted after casting. The inner frame is
constructed from laser cut acrylic parts that were glued together.
The servo motors are held in place with bolts and nuts.
Six bamboo sticks (approx. diam. 3mm) serve as fin rays. With
6 fin rays it is theoretically possible for the robot to hover and to
move forward, backward, up, and down by generating traveling and
counter-propagating waves [9]. Each fin ray is attached to a servo
motor via a servo bracket. The servo motors used were initially
six H-KING HK 15148 mini servo motors. Due to malfunctions
three of them were replaced with two TowerPro SG90 and one
EMAX ES08AII. The servo motors are connected to the fin rays
with a crank-like mechanism (Figure 3). The angle of a fin ray ϕ as
a function of the servo angle α is given by:
ϕ(α) = tan−1
(
sin (α) · 21
30 − cos (α) · 21
)
(1)
where the constant 21 is the distance (in mm) from the center of
rotation of the servo to the piston that connects to the fin ray and
the constant 30 the distance from the center of rotation of the servo
to the approximate center of rotation of the fin ray (see Figure 3).
This equation, however, does not take into account the additional
angular deflection caused by slack between the pistons and the
fin ray, and the elasticity of the soft body resisting rotation (see
Figure 4). The maximum angular excursion was therefore close
to 28 degrees instead of the approximately 45 degrees that were
calculated when not taking into consideration these issues.
2The CAD files for the design can be accessed at https://cad.onshape.com/documents/
51d2c0394f6e3aa7b3fc06b3
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Figure 1: Experimental setup. (A) Ultrasonic distance sensor, (B) plastic plate for bouncing back the sound of the ultrasonic sensor (C)
T-Slot linear slide, (D) plastic plate connecting the robot (E) to the cart (F). The evolutionary goal is to move the robot as fast as possible
along the slide from the left to the right side of the aquarium.
Figure 2: CAD design of the robotic knifefish. The white parts
represent the laser cut acrylic parts, the blue part is the silicone
part (top), the black parts depict the 6 servo motors that were used
to actuate the fin rays. The bamboo sticks that serve as fin rays are
displayed in green. The robot’s full dimensions are 272x60x136mm
and the fin is 70mm high and 210mm long. The fin rays are each
spaced 40mm apart.
Figure 3: Cross section of the robot fish design. The red arc
depicts the range of motion from the center of rotation of the servo
motor to the plastic part that is connected to the crank mechanism.
The red dot at the bottom in the hull depicts the approximate center
of rotation of the fin ray.
2.2 Evolutionary Experiments
In our pre-experiments we implemented a generational evolution-
ary algorithm without crossover to create the genome for our robot
controller. Due to the long evaluation time of the generational evo-
lutionary algorithm, and servos being prone to overheating, we
decided to implement Covariance Matrix Adaptation Evolutionary
Strategy (CMA-ES) [12, 13] instead, to quickly find the basin of
attraction and thereby speed up the evolutionary process3.
3Our full implementation and the source code of the evolutionary algorithm and Ar-
duino code can be found at https://github.com/FrankVeenstra/Knifefish_GECCO2018
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Figure 4: Angular deflection of the fin. Front view of the robot
showing the angular deflection of the fin. The actual maximum
angle of the fin can be seen to be less than the calculated angle (red
dashed lines)
2.2.1 Encoding. The genome we created for an individual is
composed of a string of 15 bytes. Each triple of three bytes translates
into a sinusoidal function with a specific frequency, phase, and
amplitude. The total of five sine functions are summed to yield
the first five terms of a standard Fourier series. With this function
we can approximate an arbitrary continuous periodic function and
use it as a fin undulation pattern on the robot to be evaluated. The
mutable parameters were the amplitude, phase, and frequency of
each sinusoidal function. These parameters are converted into servo
angles αn for the 6 servo motors with the following function:
αn (t) = ( д1255 · θmax ) · sin((д3 · t) + (д2 · n)) (2)
where д1, д2 and д3 represent the mutable parameters of a genome
triple as bytes. θmax is the maximum angle that the servo motors
are allowed to move. n stands for adjacent servo motor numbers
(values from 0 to 5) and t represents the time steps.
2.2.2 Evolutionary Algorithm. The evolutionary approach was
divided into a control system and an evolutionary algorithm. The
evolutionary algorithm made use of functions from the Distributed
Evolutionary Algorithms in Python (DEAP) library which included
an implementation of CMA-ES [11]. The CMA-ES implementation
implemented a population size of 10 and ran for 20 generations. We
found that CMA-ES was able to find similar solutions in 20 genera-
tions as running a normal generational evolutionary algorithm for
100 generations which was advantageous for limiting the duration
of the experiments. Our CMA-ES implementation included an ini-
tial standard deviation value of 50 and a centroid value of 125 for
every gene (half the max value of the bytes in the genome).
2.2.3 Controller System. An Arduino Mega 2560 controlled the
robot by actuating the servo motors and received the sensor read-
ings of the ultrasonic distance and infrared sensors. Through serial
communication a genome is uploaded from a PC running the evo-
lutionary algorithm to the Arduino Mega. The Arduino Mega eval-
uates an individual using the genome it received. This evaluation
consists of:
(1) Move robot to the starting position (by using a manually
coded swimming behavior)
(2) Move the servos to a central position and wait for six seconds
(this delaywas implemented to prevent overheating of servos
and reduce waves in the tank)
(3) Evaluate genome for 10 seconds
(4) Send back a fitness value based on the distance the robot has
traveled within the 10 seconds
All steps take roughly between 20-30 seconds for one individual
depending on how far the robot was able to swim. When the same
genome was evaluated multiple times the error difference in fitness
was negligible (standard deviation of samples of size 4 was less than
1% for each run). Each individual is therefore only evaluated once.
A 20 ms delay was inserted between each time step for updating
the servo angles. 500 time steps were done for each individual. The
fitness value of each individual is calculated as a summation of the
ultrasound distance measurements at every consecutive update of
the servo positions. At each time step the ultrasonic distance sensor
initiates a sound pulse and measures the time difference between
the pulse and echo. This time interval becomes higher the further
the robot moves away from its initial position. The fitness value
for a controller that is not moving the robot lies around 100 ·104.
At the start of the evaluation of a genome, the entire wave pattern
for each servo is calculated for each time step. This requires six
arrays to store 500 byte values derived from the genome. Although
this takes up a lot of memory on the Arduino Mega, it circumvents
doing calculations on the spot that might have caused an additional
delay between every time step. A small delay is, however, caused
by the ultrasonic sensor which requires an 8 microsecond delay for
measuring the distance.
2.2.4 Experiments. Since earlier examples of robotic knifefish
have been able to swim with only a single sinusoidal wave function
as a control signal for the fin, we conduct experiments where the
genome is reduced to three bytes that translate into the frequency,
phase, and amplitude of a single sine function. We test if evolution
is able to efficiently optimize these three parameters for increased
swimming speed. Our second set of evolutionary experiments eval-
uate functions that are generated from all 15 mutable parameters,
and yield the first five terms of a Fourier series. This is done to
see whether an arbitrary periodic function can increase the perfor-
mance compared to a single sine wave. For both sets of experiments
we also test whether evolution will find swimming behaviors sim-
ilar to the ones of actual knifefish, and if the performance of the
evolved controllers can rival a manually programmed controller.
For both the sinusoidal and the Fourier series approach, 5 evolu-
tionary runs were done with the exact same hardware setup. Since
the slightest change in hardware and the environment can influ-
ence the evolutionary runs drastically, all the 10 runs were done
consecutively. A manually coded swimming behavior is used as a
baseline to compare with the evolved controllers. This behavior was
the fastest swimming behavior we were able to find by manually
adjusting the genome parameters during a two hour trial session
with the platform. Its control function is:
αn = 40 · sin((64 · t) + (100 · n)) (3)
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These control parameters correspond to a genome with the follow-
ing three bytes: 255 for the amplitude, 64 for the phase, and 100 for
the frequency.
2.3 Comparing Behaviors of the Robot with
Actual Knifefish
Bale et al. [1] found that a diverse group of aquatic animals that
use median/paired fin swimming, including knifefish, have evolved
a similar optimal swimming strategy. More specifically, the result
of dividing the length of an undulation on the fin by the mean
amplitude of undulations along the fin, during steady swimming,
consistently yields around 20. This wavelength, which maximizes
the force generated by the body and the swimming speed, is referred
to as the optimal specific wavelength (OSW). We therefore calculate
the specific wavelength (SW) of our evolved undulation patterns
to compare them with the swimming behaviors of knifefish. The
SW is calculated by dividing the wavelength of undulation λ by
the average amplitude of oscillation a˜. In general, this average
amplitude a˜ is given by
a˜ = hmean sin(θavдmax )/2 (4)
Where θavдmax is the mean maximum angle of excursion of the fin
rays and hmean is the mean height of the fin.
3 RESULTS
3.1 Performance Analysis
After running CMA-ES for 20 generations using the sinusoidal
and the Fourier series approaches, different wave patterns were
acquired. Both evolutionary progressions of the 5 runs of each ap-
proach (Figure 5) evolved decent swimming behaviors though the
Fourier series evolutionary progressions seem to have more varia-
tion in performance and did not plateau as clearly as the sinusoidal
evolutionary progression. This corresponds to a larger, perhaps
more convoluted, search space when evolving Fourier series.
The periodic control signals that have evolved in the sinusoidal
approach are similar to each other while the best individuals of the
Fourier series exhibit more erratic wave patterns (Fig. 6). Looking at
the individual wave patterns and their corresponding fitness values,
the best individual evolved in the Fourier series has a significantly
higher fitness value than the others.
In Table 1 we compare the evolved swimming behaviors of our
best candidates to see if the OSW ratio also applies here. The approx-
imate wavelengths of the traveling waves have been obtained from
ventral view video recordings of the robot with the best candidates
and the manually coded behavior controlling its swimming. The
average amplitude of oscillation was calculated from Equation 4
using a maximum angular excursion of 28 degrees (derived from
video recordings) and that the fin height is 7 cm. The average travel
speeds were also measured from video recordings (of the manual
behavior and the best evolved individuals being replayed on the
robot). Our inspiration the black ghost knifefish has a SW of 18.03
[1]. From Table 1 it can be seen that the best evolved sinusoidal
controller has a specific wavelength of 16, i.e. it approximates, but
is lower then, the optimal specific wavelength found by Bale et al.
Although our manually programmed controller has a SW of 17 and
comes closest to the actual knifefish, in reality it performed consid-
erably worse than most of the evolved controllers (see Table 1).
Table 1: Specific Wavelengths and Travel Speeds of Behav-
iors. The evolved behaviors resulted in wave patterns with varied
wavelengths and speeds. (Wavelength of Four. (Run 4) has been
omitted as the wave function was to erratic for it to be measured
from video recordings.)
Genome Wavelength SW Speed (cm/s)
Manual 28 cm 17 3
Sine (Run 1) 26 cm 16 8
Sine (Run 2) 23 cm 14 6
Sine (Run 3) 26 cm 16 6
Sine (Run 4) 23 cm 14 6
Sine (Run 5) 24 cm 15 8
Four. (Run 1) 26 cm 16 4
Four. (Run 2) 26 cm 16 2
Four. (Run 3) 24 cm 15 5
Four. (Run 4) - - 5
Four. (Run 5) 22 cm 13 1
Being able to evolve wave patterns to control the swimming
behavior of the robot is of limited use if their phenotype cannot be
reproduced. Since the robot was slightly worn down after a lot of
different experiments and several malfunctioning servo motors had
been replaces, we evaluated the performance of the evolved wave
patterns again. When comparing the evolved Fourier series wave
patterns with the evolved sinusoidal wave patterns it can be seen
that the sinusoidal wave patterns also outperform the manually en-
coded wave pattern significantly in terms of fitness value (Figure 7).
Though this could have been caused by many factors, it seems that
a sinusoidal function is a more robust general approach that might
be suboptimal but resilient to morphological/environmental change
3.2 Phenotypic Analysis
To analyze the type of behaviors that evolved, the position of the
tip of each fin ray was tracked in the best evolved individuals using
footage taken from a ventral view of the robot (Figure 8). This
tracking was done to analyze the actual undulation patterns across
the fin as opposed to the calculated control patterns. Looking at
the best evolved individuals from both the Fourier series and the
sinusoidal approach, the wave propagates strikingly similar along
the fin of both individuals. The phase and frequency are different
for the two individuals but the sinusoidal wave pattern generates
roughly the same wavelength as the Fourier series only with a
higher frequency. The sinusoidal wave pattern makes roughly six
undulations while the Fourier series makes five within the same
time interval.
4 DISCUSSION
CMA-ES proved an efficient method for automatically evolving
the swimming behavior of our soft robot whose morphology was
inspired by the ghost knifefish. Although the search space was
quite small, failing hardware was a problem that in general makes
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Figure 5: Evolutionary progressions of five runs . The sinusoidal approach (a) and the Fourier series approach (b) showing the maximum
fitness (hall of fame) of the evolutionary runs.
(a) (b)
Figure 6: Evolved control wave patterns. The best evolved wave patterns in 5 distinct evolutionary runs using the sinusoidal approach
(a) and the Fourier series approach (b). The graphs show two seconds of a resulting wave from each genome. The blue line represents the
trajectory of the first servo motor while the green dotted and red dashed lines depict the positions of servos two and three respectively. The
trajectories of servo four, five and six are not depicted. The difference in the wave of different servos visible in some of the Fourier series is
due to including potentially high frequencies and querying the function every 20ms.
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Figure 7: Performance difference between the best evolved
sinusoidal and Fourier series individuals. The box plot shows
the quartiles of the best individuals of the 5 runs of the sinusoidal
approach and the Fourier series approach. These results were ob-
tained from replaying the best genomes of the different approaches
using a patched up version of the robotic fish (i.e. where the servo
motors had been replaced). The blue dotted line represents the
baseline performance of our manually encoded genome.
evolving physical robots arduous. Predefining the controller by only
utilizing periodic wave functions and only running CMA-ES for a
brief period was enough to generate efficient swimming behavior.
One of the main challenges when evolving physical robots is about
how to deal with malfunctioning hardware. Considering a death
toll of 17 servo motors during these experiments, using CMA-ES
seemed a lot more viable compared to initial experiments with a
generational evolutionary algorithm that took almost five times
longer to get to results compared to the CMA-ES approach.
The robotic platform presented in this paper is constrained by
predefined functions and the limited movement sets acquired in
the evolutionary runs. However, the presented robot fish could
potentially evolve many different behaviors that the knifefish is
also capable of. This could make it a viable model for autonomous
underwater vehicles. A next submersible iteration of the fish could
evolve vertical thrust by sending counter-propagating waves to-
wards and away from the center of the fin canceling out longitudinal
forces as discussed by [9]. A selection of these behaviors could be
evolved and encapsulated in a fixed environment, removing manual
programming of the behavioral repertoire.
Zoological studies of knifefish kinematics have shown that the
wavelength of the propagating wave varies across the fin during
steady swimming [30]. Given that the swimming behavior of the
knifefish has been optimized through natural evolution, implement-
ing this feature in the encoding of the controller could probably
lead to better performance. This could be accomplished by using
a compositional pattern-producing network (CPPN ) [29] with servo
number and time as inputs. A similar approach has previously
been used successfully to generate the oscillatory controller for a
quadruped robot [21]. To discover a greater variety of controllers
that perform well, novelty search [17] or other diversity enhancing
methods can also be applied instead of a goal directed approach
which is often prone to premature convergence or over-fitting. An-
other aspect worthy of further inquiry is the materials used for
Figure 8: Evolved robot wave patterns. The wave patterns of
the best (highest fitness) evolved sine wave and Fourier series seen
from below. Both propagating waves are almost identical to one
another and have a wavelength that is slightly longer than the
length of the fin. The blue dots illuminate the tips of the fin rays
while the red arrows depict the motion of the individual fin rays.
The function plots below correspond to the fin undulations depicted
above and are the best reproducible evolved wave patterns shown
in Figure 6 (Sine (Run 1) and Fourier (Run 3))
the fin. It is possible that a material with another elastic modulus
might better exploit the interactions with the water to facilitate the
emergence of dynamics that aid the swimming.
With our robotic platform we are able to automatically evolve
the behavior of an intuitively functional soft robot using CMA-ES.
Considering the increasing advances of automated manufacturing
methods and readily available materials to create detailed robots
with various features, we think this evolutionary approach on phys-
ical soft robots can become viable as a tool for directly optimizing
the behavior of the physical systems.
5 CONCLUSION
In this paper we demonstrated that evolving the controller for a
knifefish-inspired soft robot is feasible directly on the physical
robot. The majority of the evolved behaviors outperformed a hand-
designed controller in terms of speed. Additionally evolution was
able to exploit the dynamical properties of the flexible material
to produce feasible swimming strategies for the robot that have
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similar phenotypes but different genomes. We posit that evolution-
ary experiments on physical robots, which have so far only been
applied to traditional rigid robots, are especially relevant for soft
robots that are difficult to simulate computationally. In the future
the presented approach could be combined with more explorative
search methods such as novelty search and different fish models,
to solve tasks for which even a simple hand-designed controller is
an infeasible option.
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